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Abstract: The project deals with the problem of visual updates
on twitter; that differentiates tweets according to the context in
which they are exposed: good or bad. Twitter is an online
small-scale platform for showcasing different thoughts
perceptions related to any area, news, information etc. It is an
informal communication framework that allows clients to
compose brief information of 280 characters long. It's a quickly
developing assistance with more than 400 million enlisted clients
of which 326 million individuals are dynamic and half of them
sign on twitter each day - creating almost 500 million tweets every
day. Considering this huge measure of spending we want to pick
up the declaration of open assessment by examining the feelings
communicated in the tweets. Investigating general assessment is
fundamental for any kind of business. firms trying to identify the
appropriate response of their items in the market, foreseeing
political decisions and anticipating financial occasions, for
example, stock costs. The purpose of this project is to develop an
effective working class for accurate and automated segmentation
of the tweet stream.

Keywords: CNN, Tweets, Sentiment analysis, Machine
Learning.
I. INTRODUCTION
With the ongoing development of versatile data

frameworks and the expanding accessibility of advanced
cells, online networking has become a significant piece of
regular daily existence in numerous networks. This
improvement has included the advancement of enormous
volumes of information [1]: information that when broke
down can be utilized to remove significant data about
different subjects. Assumption investigation (SA), otherwise
called idea mining is the way toward ordering feelings passed
on by a book, for instance as negative or positive. Information
made available on social media contributes to the
fragmentation of the research work within SA in recent times
and to the shifting focus of the field to this type of data [2].
The information obtained from using SA on social media data
has many features that can be used, for example, to help
marketers analyze the success of an ad campaign, to identify
how different people have received product releases, to
predict user performance, or to predict election results. The
most popular social networking site is Twitter, 1 small
blogging site that allows users to write up to 280-character
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posts, referred to as tweets [3]. As of November 2018, Twitter
has 326 million monthly active users on their homepage, with
approximately 88% of their free-to-read tweets. In addition,
more than 84% of users have their site specified on their
profiles, which enables them to automatically scroll to
locations. Twitter-generated data is made available through
the Twitter API and represents a real-time stream of the data
you have. Tweets can be filtered both by location and time
published [4]. This has opened the way to a new field of SA:
Twitter (TSA) psychology [5]. The purpose of this project is
to distinguish the given tweets, which are introduced as large
information utilizing Machine Learning calculations [6]. Al is
a sort of man-made brainpower (Al) that enables PCs to learn
without being unequivocally customized. Al centers
essentially around the improvement of PC frameworks that
can change when new information is introduced.

Il. LITERATURE REVIEW

The conceptual analysis of the domain of small-scale
blogging is a relatively new topic of research so there is still
much room for further research in this area [7]. A decent
amount of previous work related has been done in user
reviews of user reviews, documents, blogs / web articles and
standard analysis [8]This differs from twitter mainly due to
the 280 character limit per tweet that forces the user to express
a compressed view in a very short text. Good results have
been achieved in the use of segmentation using guided
learning techniques such as Naive Bayes, Vector Support
Machines and the Convolutional Neural Network but the
manual writing of the supervised method is very expensive.

I11. METHODOLOGY

Our proposed project is about classification of tweets using
python. This is achieved by using many types of features from
the tweets and then applying basic classification techniques
like SVM (Support Vector Machine), Decision Tree, Naive
Bayes and CNN (Convolution Neural Network). CNN
architecture is shown in fig. 1. These classification techniques
are able to classify the points in separate folder by working
with the respective features we provide to them. After the
classification, we compare the accuracy of different methods
of for sentiment analysis.  First of a large dataset of tweets in
English language is collected from different open source
databases then preprocessing of data is done to convert data
into desired format so that the model training and testing on
the basis of dataset becomes precise and accurate.
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After the collection of suitable data, we need to process the
data. In this phase all the unwanted characters are removed
from the tweets, such as special symbols, abbreviations,
hashtags, usernames etc. and the tweets are divided into two
files, one with positive tweets and the other with negative
tweets. After this, with the help of these two files we create a
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Fig. 1 CNN architecture

vocabulary which contains all the unique words which is
contained in data repository. This word data set is separated
into two primary parts known as train and test. In training data
is fed for machine leering to acquire the knowledge for
prediction. Once training gets completed words fed to check
which kind of prediction can be obtained from specific
algorithm. In context of this paper analysis have been
performed for identification of tweets having positive intent
or negative intent. For example, when filtering emails “spam”
or “not spam”, when looking at transaction data, “fraudulent”,
or “authorized”.

IV. RESULTS AND DISCUSSIONS

We have divided dataset in 90:10 (Training: Testing)
and performed classification on dataset using different
classifiers whose results are given below: The data set was
processed before building a CNN model. As we know that
there is a limit of 280 characters and as a result, users are
forced to use different abbreviations, special symbols etc., for
ex- #NaMo, @RaGa and so as to clean all such expressions
from the tweets, a pre-processing of data is need to be
completed before anyone could actually build a CNN model.

Table I Accuracy achieved by various algorithms

S. No. Classifier Accuracy
(Yage)

1. Naive Bayes 60.4

2. Decision Tree 65.9

3. SVM 71.42

4. CNN 80.2
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Fig. 2 Graphical representation of accuracies achieved by
various algorithms

Later we used different fractions of dataset so as to train the
CNN model and the results are as follows-

From the table 2 and fig. 2, we can clearly observe that
Convolution Neural Network (CNN) gives the best results on
the dataset. The accuracy achieved by CNN is approximately
80.2% which very high as compare to other classifiers applied
to the dataset.

Table Il Accuracy description using different fraction of

dataset

S. Algorithm | Dataset Fraction Accuracy
No.

1. 50% 78.14%
2. CNN 66% 79.55%
3. 75% 80.27%

Test set size = 118397
Vocabulary size = 238733
Input layer size = 117
Nunber of classes = 2

Output folder: /root/Downloads/twitter/output/run26198512-228434

2619-85-12 22:06:48.814521: I tensorflow/core/platforn/cpu_feature guard.cc:141] Your CPU supports instructions that this TensorFlow binary was not ¢
onpiled to use: AVX2 WA

2019-85-12 22:06:43.796723: 1 tensorflow/core/platforn/profile utils/cpu utils.cc:94] CPU Frequency: 2261606666 Hz

2019-85-12 22:06:43.91637: I tensorflow/conpiler/xla/service/service.cc:158] XLA service 8x3fbBc78 executing coaputations on platform Host. Devices:
2019-85-12 22:06:43.916439: T tensorflow/conpiler/xla/service/service.cc:158]  StreanExecutor device (8): <undefined>, <undefined>

WARNING: tensorflow:From /root/venv/local/Lib/pythond. /site-packages/tensorflow/python/ franework/op def Library.py:263: colocate with (from tensorflo
w.python. franevork.ops) is deprecated and will be removed in a future version.

Instructions for updating:

(olocations handled automatically by placer.

WARNING: tensorflow:From twitter-sentinent-can.py:244: calling dropout (froa tensorflow.python.ops.nn ops) with keep prob is deprecated and will be re
noved n a future version.

Instructions for updating:

Please use “rate” instead of "keep prob’. Rate should be set to ‘rate = 1 - keep prob’.

WARNING: tensorflow:From /root/venv/local/lib/pythond. /site-packages/tensorflow/python/ops/array grad.py:425: to int32 (from tensorflow.python.ops.ma
th_ops) is deprecated and will be renoved in a future version.

Instructions for updating:

Use tf.cast instead,

Data processing 0K, creating network...

Epoch: 1 - Toss: 48.48867 - acc: 8.73267: 33|l
8.753631, validation loss: 64.5976

Saving checkpoint...

Epoch: 2 - loss: 56.21663 - acc: .75781: em- | 16647/24972 [5:08:28<2:20:37, 1.81s/1t]Step 16648 of 24972 (epoch 2), validation accurac
y: 0.768852, validation loss: 57.6633

Saving checkpoint...

Epoch: 3 - loss: 55.89627 - acc: 0.81256: 106s| [N 24971/24972 [7:26:27<80:61, 1.625/it]Step 24972 of 24972 (epach 3), validation accuracy:
0.862814, validation loss: 55.6065

Saving checkpoint...

Epach: 3 - Toss: 45.51977 - acc: 0.82178: : 24974it [7:36:51, 30.47s/it]

End of training, validation accuracy: 6.82789, validation loss: 55.6367

Saving checkpoint. ..

{venv) k)ain:~ D:--'lbads‘m;'.teril

| B323/24972 [2:32:35¢5:09:13, 1.11s/it]Step 8324 of 24972 (epach 1), validation accuracy:

Fig. 3 CNN Model output generation
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root(@samyakjan: »
Fle Edt View Search Teminal Help

Epoch: 2 - Toss: 55.00429 - acc: 0.82031: 1008
Epoch: 2 - loss: 55.00429 - acc: 0.82031: 10|

1

1
Epoch: 2 - Toss: 56.64795 - acc: 0.78125: 106%|
Epoch: 2 - Toss: 50.64795 - acc: 6.78125: 1068
Epoch: 2 - Toss: 63.43934 - acc: 0.72656: 100%|
Epoch: 2 - loss: 6345934 - acc: 0.72656: 106%|
Epoch: 2 - Toss: 63.15315 - acc: 0.73436: 1068
Epoch: 2 - Toss: 63.15315 - acc: 6.73436: 106%|
Epoch: 2 - Toss: 83.43942 - acc: 0.64844: 100%|
Epoch: 2 - Toss: 83.43042 - acc: 0.64844: 100%|
Epoch: 2 - Toss: 50.40350 - acc: 0.82612: 1008

1

Epoch: 2 - Toss: 50.40350 - acc: 0.82812: 100%|
Epoch: 3 - Toss: 55.76517 - acc: 0.78906: 100%|

|Step 16647 of 16647 (epoch 3), validation accuracy: 6.781825, validation loss: 56,9681

Saving checkpoint...
Epoch: 3 - Toss: 55.76517 - acc: 0.76996: 106%|
Epoch: 3 - Toss: 61.69511 - acc: 0.78125: 1068
Epoch: 3 - loss: 61.69511 - acc: 0.78125:

Saving checkpoint. ..
(venv) NEIN FUBRERS |

16648t [5:13:03, 50.75s/it]
Epoch: 3 - loss: 54,5729 - acc: 0.75676: : 166491t [5:13:05, 35.93s/it]
End of training, validation accuracy: 0.781443, validation loss: 59,035
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| 16640/16647 [5:08:58<00:10,
| 16641/16647 [5:08:58<00:08,
| 16641716647 [5:09:80<00:08,
| 16642/16647 [5:09:00<00:69,
| 16642/16647 [5:09:02<00:69,
| 16643/16647 [5:09:02<00:67,
| 16643/16647 [5:09:03<00:07,
| 16644/16647 [5:09:03<00:04,
| 16644/16647 [5:09:05<00:04,
| 16645/16647 [5:09:05<00:03, 1.57s/1t
| 16645/16647 [5:00:06<00:03, 1.57s/it
| 16646/16647 [5:09:06<00:01, 1.49s/1it
| 16646/16647 [5:09:07<00:01, 1.49s/1t

| 16647/16647 [5:13:01<00:00, 71.76s/1t
| 16647/16647 [5:13:03<00:00, 71.76s/1t

\
Fig. 4 CNN processing when data is 50 %
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Huber of classes = 1
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§.146858, validation Loss: 65,3601
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Fig. 5 Data process using CNN

V. CONCLUSION
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be many other Machine Learning algorithms which could be
used so as to improve the accuracy of sentiment analysis, also
the dataset can be enhanced not only in terms of quantity but
also in terms of quality, i.e. more information about the tweets
could be added to the dataset.
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